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Abstract. Network classification has a variety of applications, such as
detecting communities within networks and finding similarities between
those representing different aspects of the real world. However, most ex-
isting work in this area focus on examining static undirected networks
without considering directed edges or temporality. In this paper, we pro-
pose a new methodology that utilizes feature representation for network
classification based on the temporal motif distribution of the network
and a null model for comparing against random graphs. Experimental
results show that our method improves accuracy by up 10% compared
to the state-of-the-art embedding method in network classification, for
tasks such as classifying network type, identifying communities in email
exchange network, and identifying users given their app-switching be-
haviors.
1 Introduction
Networks, where interacting elements are denoted as nodes and interactions are
denoted as edges, are a fundamental tool to study complex systems [1,15], in-
cluding social, communication, biology and economics networks. Typical analysis
usually models these systems as static graphs that describe the relations between
nodes. However, in many realistic applications, the relations are often not fixed
but instead evolving over time [10,11,19]. Modeling these temporal properties is
of additional interest as it provides a richer characterization of relations between
nodes in the network.
When considering dynamic changes to a network, most studies aggregate
temporal information into a sequence of snapshots, with each representing the
graph over some time period [2,7,26]. However this limits the ability to capture
changes at a finer granularity, and hence loses the richness of the temporal
information contained in the data [19]. In this paper, we incorporate temporality
at the edge level, by examining temporal networks[19], which can be defined
as a set of nodes and a collection of directed temporal edges with attributed
? This work was supported in part by U.S. Army Research Laboratory and the U.K.
Ministry of Defence under Agreement Number W911NF-16-3-0001, ARL Cooper-
ative Agreement W911NF-09-2-0053. The views and conclusions contained in this
document are those of the authors and should not be interpreted as representing
the official policies, either expressed or implied, of the U.S. Army Research Labo-
ratory, the U.S. Government, the UK Ministry of Defence or the UK Government.
The U.S. and UK Governments are authorized to reproduce and distribute reprints
for Government purposes notwithstanding any copyright notation hereon.
ar
X
iv
:1
80
7.
03
73
3v
2 
 [c
s.S
I] 
 7 
Au
g 2
01
8
2 K. Tu et al.
timestamps. For example, an email network can be represented as a sequence
of timestamped directed edges, where each represents an email sent from one
person to another.
Examining temporal patterns provides a useful basis to explore insights into
how the nodes in a network interact, as this incorporates both network topol-
ogy and dynamics. For example, in complex network classification problems, the
underlying network topology for the community has an impact on the develop-
ment of the community since the interactions between nodes can be treated as
backbones of the community. Thus, we can identify a community by comparing
and distinguishing its connected modes. However, most of the current studies
in this area focus on examining a single complex network (e.g. [1]), with little
direct attention on examining how temporal patterns can be used to identify
and classify networks, or provide a basis for examining similarity and clustering
between networks.
In this paper, we propose a new network embedding (feature representa-
tion) methodology for network classification in temporal networks based on a
network’s temporal network motif distribution. Network motifs capture the lo-
cal structure of a network through summarising whether small patterns in the
network occur significantly more or less frequently than random graphs (using
a null model). In temporal networks, temporal network motifs are defined as
induced subgraphs on sequences of temporal edges [19]. In particular, we con-
sider two sub-problems (i) how temporal network motifs can be used to classify
the network type (defined as the context of the relation or interaction between
nodes, such as social ties in social networks); and (ii) identification of a particular
network from its temporal topological structure within a period.
We first propose a generic framework to construct vectors for feature rep-
resentations of temporal directed graphs from their topological structure using
temporal motif distribution and null models. We argue that this fixed length fea-
ture representation can be used to classify and compare networks of varying sizes
and period with high accuracy. We apply various well-known machine learning
models along with our graph feature representation for these two network classifi-
cations, and make a comparison with the state-of-the-art method, struc2vec [22].
Our results show that the motif-based feature representation models can signifi-
cantly outperform struc2vec. Furthermore, we observe that temporal information
improves the accuracy of network identification in comparison to considering the
network as a static graph, with a combination of static and temporal features
bringing further improvement; providing a basis to reflect on the benefits and
drawables of considering a network as a static or temporal graph.
2 Related Work
The primary focus of related works in classifying networks involves examining the
topological structure of the graph. For example, kernel methods have been used
to calculate similarities between static undirected graphs [8], [27]. However, the
corresponding computational complexity grows significantly with the increase of
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network size. Different node embedding techniques have been proposed in the
past years, such as node2Vec [9], DeepWalk [20], Line [25] and Local Linear
Embedding [23] that use feature vectors to embed nodes into high-dimensional
space and empirically perform well. However, these methods can only be applied
to tasks, e.g., classification of nodes but not on the whole networks.
Additionally, several approaches have been proposed to aggregate node fea-
ture vectors to a feature vector for networks. For example, graph-coarsening
approach [6] computes a hierarchical structure containing multiple layers, nodes
in lower layers are clustered and combined as node in upper layers using element-
wise max-pooling. However, this has high computational complexity. A recent pa-
per [12] applied motif-based feature representation for clustering network types,
however, it is not clear how motifs can be used to identify communities within
the same network. Some approaches [17] define an order of nodes and concate-
nate their feature vectors for a convolutional neural network for classification,
however, this can only be applied to undirected static networks. Most recently,
struc2vec [22] was proposed with meanfield and loopy belief propagation [14]
to aggregate node embedding to graph representation and empirically shown to
outperform previous approaches. Given this, we use struc2vec as a baseline for
comparison in this paper.
3 Problem Formulation
We use definitions of temporal networks and temporal network motifs as defined
in [19]. Due to space constraints, we give some examples on static and temporal
motifs in Figure 1, and refer interesting readers to [19] for further detail.
(a) Static Motifs (b) Temporal Motifs
Fig. 1. Network Motifs. (a) example of triad (three-node motif) and tetrad (four-node
motif); (b) temporal motifs whose edges appear in a specific order (refer to [19] for
more details.
Problem formulation The task of network type classification or network
identification can be formalized as follow:
Denote {Gi(Vi, Ei, Li)}Ni=1 as a set of N (sub)graphs, where Vi is a set of
nodes and Ei is a set of timestamped edges in Gi. Suppose that graphs can be
categorized into D classes, where D < N . We associate each graph Gi with a
label Li ∈ {1, · · · , D}.
Let f : {Gi} → Rm be a mapping function (also called graph embedding
function) from Gi to a 1×m feature representation vector that is defined using
subgraph ratio profiles (SRP) of temporal or static motifs. (We will formally
define SRP in Section 4).
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Let g : Rm → P ∈ RD be classifiers that map a feature representation to a
categorical distribution P for D labels. Thus the probability distribution of Gi’s
label can be represented as Pi = [pi,1, . . . , pi,D] = g(f(Gi)).
Our goal is to solve this classification problem through designing a embedding
function f and selecting a machine learning model g to minimize the sum of cross
entropy [5] for all graphs
arg min
g,f
[−
∑
i
D∑
j=1
1Li=j log(pi,j)] = arg min
g,f
[−
∑
i
log(pi,Li)]. (1)
We obtain g by training machine learning models. In next section, we discuss
how to design an embedding function f for temporal networks using motifs.
4 Network Embedding Using Motifs
As discussed in Section 2, network embedding has received a lot of attentions
due to its effect on the performance of network classification. However, previous
works have primarily focused on examining this with static networks. Applying
these techniques directly to temporal networks loses temporal information and
may result in poor accuracy. Therefore, we introduce a new temporal network
embedding technique that uses temporal network motifs.
A temporal embedding needs to be independent of network size and the time
period the network covers. While previous works have shown that the counting
and probability distribution of motifs are strongly related to network types [19],
motif counts may be different across networks. Therefore, we use subgraph ratio
profiles (SRP) for temporal network embedding, which is computed using motif
counts from both the network in question and random graphs produced using
null models.
Definition 1. A null model is a generative model that generates random graphs
that matches an specific graph in some of its structural features such as the
degrees of nodes or number of nodes and edges [16].
In statistics, random graphs in a null model are used for comparison to verify
if the graph in question displays a certain feature. In our study, we use a null
model to compare the counts of motifs in a network against random graphs. We
consider ensembles of time-shuffled data for null model in temporal networks.
The difference between these is then used to construct an SRP as a feature
representation of the network.
Definition 2. Subgraph ratio profile (SRP) [13] for a motif i is defined as
SRPi =
∆i√∑
∆2i
, (2)
where ∆i is a normalized term that measure the difference between the count of
motif i in an empirical network (denoted as Nobservedi) and the average count
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in random networks in a null model (denoted as < Nrandomi >):
∆i =
Nobservedi− < Nrandomi >
Nobservedi+ < Nrandomi > +
, (3)
where  (usually set to 4) is an error term to make sure that ∆i is not too large
when the motif rarely appears in both the empirical and random graphs.
Since an SRP for a motif is a normalized term, it can compare networks of dif-
ferent sizes. For static directed networks, we consider the null model for random
graphs with the same number of nodes and edges. The network embedding is a
vector containing 16 SRPs for static triads. For null models of temporal directed
networks, we further randomly the order of temporal edges. The embedding
contains the SRPs for 36 temporal motifs (Figure 3 in [19]).
5 Experiments
We use two types of real-world temporal networks as the basis for this study:
email exchanges within different departments in an European institution and
the app switching behavior of 53 smartphone users over 42 days. To evaluate
the effectiveness in our temporal network embedding in network classification,
we apply it to several machine learning models on network classification based
on topological network structure and compare its performance to embeddings
using static motifs and other techniques. More specifically, we are interested in
classifying the network type and identifying the department given the topological
structure of an email network. We also attempt to identify a person given their
mobile app-switching behavior represented as a temporal network.
5.1 Datasets
EmailEU [28] is a directed temporal network constructed from email exchanges
in a large European research institution for a 803-day period. It contains 986
email addresses as nodes and 332, 334 emails as edges with timestamps. There
are 42 ground truth departments in the dataset and we constructed subgraphs
from these departments with size larger than 10.
SwitchApp (from the tymer project [18]) contains application switching
data for 53 Android users for a 42-day period. We construct a directed temporal
network for each user, where a directed edge (denoted as euv) with an integer
timestamp t represents a user switching from an app u to another v at time t.
5.2 Experiment Setup
We compute SRPs for both temporal and static motifs for the EmailEU and
SwitchApp temporal networks. Networks in EmailEU and SwitchApp are labeled
with 0 and 1, respectively. We consider four widely used machine learning models
that have good performance with small amount of training data: XGBoosting
[3], SVM [4], random forest [24] and AdaBoost [21]. We use grid search method
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to search the best hyper-parameters for these models. 10-fold cross-validation
is adopted to split the data for selected models with the best parameter: For
XGBoosting algorithm, the learning rate is set to 0.1, maximal tree depth is set
to 8, minimal child weight is 1 and the subsample ratio of train instances is set to
0.8. The regularization weight in SVM is set to 2. In random forest, the number
of tree is set to 400 and the minimal samples required to split a tree node is 2.
We also make a comparison of our temporal embedding with the state-of-
the-art method, struc2vec [22], in network classification. Since struc2vec requires
node attributes for network embeddings, we compute the in/out degree, between-
ness, closeness and in/out degree centrality for each node. The length of network
embedding is decided using grid search and 10-fold cross-validation.
5.3 Network Types Classification
We first testify if temporal motifs provide more information than static motifs
for network type classification.
Fig. 2. Classifying EmailEU and SwitchApp Temporal Networks.
From Figure 2, we observe that temporal information improve the network
type classification in all models considered here.
5.4 Temporal Network Identification
Additionally, we examine if individual networks can be identified from their
structure. In the EmailEU dataset, we attempt to identify which department the
emails belong to. For the SwitchApp dataset, we attempt to identify a particular
user given his daily app-switching behaviors represented as temporal networks.
For the EmailEU dataset, multiple temporal and static networks are con-
structed for each departments from email exchanges. For the SwitchApp dataset,
42 temporal and static networks are generated for each person from his app
switching behaviors every day. XGBoosting, SVM, random forest and AdaBoost-
ing are implemented using five different network feature representations: sub-
graph ratio profile (SRP) with temporal (“Temporal”) and with static (“Static”)
motifs, concatenated SRPs with both temporal and static motif (“Temp+Static”)
and struc2vec representation (“S2V”).
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Fig. 3. (Left): Department Identification in EmailEU-Core dataset. (Right): User
Identification in SwitchApp Temporal Networks.
The results for EmailEU and SwitchApp are shown in Figure 3. The dash
line is the accuracy of a random selection model. The accuracy achieved by
temporal motifs embedding is slightly better than that of static motifs embed-
ding. However, there exists a significant improvement with concatenated motif
features (“Temp+Static”), which suggests that both temporal and static motifs
are useful for network identification (of departments or personal app switching
behavior). Furthermore, at least one of our motif-based network embeddings can
outperform the state-of-the-art algorithm, struc2vec. The best machine learning
model is XGBoost with both temporal and static motif embedding.
6 Conclusion
We propose a network embedding using motifs and null models to classify net-
works based on their topological structure. Experiments with real-world datasets
show that both temporal and static motifs are important to network type classifi-
cation and network identification. Therefore, concatenating these two embedding
yields better accuracy and outperform the state-of-the-art method.
References
1. Albert, R., Baraba´si, A.L.: Statistical Mechanics of Complex Networks. Reviews
of modern physics 74(1), 47 (2002)
2. Araujo, M., Papadimitriou, S., Gu¨nnemann, S., Faloutsos, C., Basu, P., Swami,
A., Papalexakis, E.E., Koutra, D.: Com2: Fast Automatic Discovery of Temporal
(comet) Communities. In: PAC-KDDM. pp. 271–283. Springer (2014)
3. Chen, T., Guestrin, C.: Xgboost: A Scalable Tree Boosting System. In: ACM
SIGKDD. pp. 785–794 (2016)
4. Cortes, C., Vapnik, V.: Support-vector networks. Machine learning 20(3), 273–297
(1995)
5. De Boer, P.T., Kroese, D.P., Mannor, S., Rubinstein, R.Y.: A Tutorial on the
Cross-Entropy Method. Annals of operations research 134(1), 19–67 (2005)
8 K. Tu et al.
6. Defferrard, M., Bresson, X., Vandergheynst, P.: Convolutional Neural Networks on
Graphs with Fast Localized Spectral Filtering. In: NIPS. pp. 3844–3852 (2016)
7. Dunlavy, D.M., Kolda, T.G., Acar, E.: Temporal Link Prediction using Matrix and
Tensor Factorizations. TKDD 5(2), 10 (2011)
8. Gau¨ze`re, Benoit and Grenier, Pierre-Anthony and Brun, Luc and Villemin, Di-
dier: Treelet Kernel Incorporating Cyclic, Stereo and Inter Pattern Information in
Chemoinformatics. Pattern Recognition 48(2), 356–367 (2015)
9. Grover, A., Leskovec, J.: node2vec: Scalable Feature Learning for Networks. In:
ACM SIGKDD. pp. 855–864 (2016)
10. Holme, P., Sarama¨ki, J.: Temporal Networks. Physics reports 519(3), 97–125
(2012)
11. Kovanen, L., Karsai, M., Kaski, K., Kerte´sz, J., Sarama¨ki, J.: Temporal Motifs in
Time-Dependent Networks. Journal of Statistical Mechanics: Theory and Experi-
ment 2011(11), P11005 (2011)
12. Mellor, A.: Classifying Conversation in Digital Communication. Arxiv preprint
arXiv:1801.10527 (2018)
13. Milo, R., Itzkovitz, S., Kashtan, N., Levitt, R., Shen-Orr, S., Ayzenshtat, I., Sheffer,
M., Alon, U.: Superfamilies of Evolved and Designed Networks. Science 303(5663),
1538–1542 (2004)
14. Murphy, K.P., Weiss, Y., Jordan, M.I.: Loopy Belief Propagation for Approximate
Inference: An Empirical Study. In: UAI. pp. 467–475 (1999)
15. Newman, M.: Networks: an Introduction. Oxford university press (2010)
16. Newman, M.E., Girvan, M.: Finding and Evaluating Community Structure in Net-
works. Physical review E 69(2), 026113 (2004)
17. Niepert, M., Ahmed, M., Kutzkov, K.: Learning Convolutional Neural Networks
for Graphs. In: ICML. pp. 2014–2023 (2016)
18. Noe¨, B., Turner, L.D., Linden, D.E., Allen, S.M., Maio, G.R., Whitaker, R.M.:
Timing Rather than User Traits Mediates Mood Sampling on Smartphones. BMC
research notes 10(1), 481 (2017)
19. Paranjape, A., Benson, A.R., Leskovec, J.: Motifs in Temporal Networks. In: ACM
WSDM. pp. 601–610 (2017)
20. Perozzi, B., Al-Rfou, R., Skiena, S.: Deepwalk: Online Learning of Social Repre-
sentations. In: ACM SIGKDD. pp. 701–710 (2014)
21. Ratsch, G., Onoda, T., Mller, K.R.: Soft Margins for AdaBoost. Machine learning
42(3), 287–320 (2001)
22. Ribeiro, L.F., Saverese, P.H., Figueiredo, D.R.: struc2vec: Learning Node Repre-
sentations from Structural Identity. In: ACM SIGKDD. pp. 385–394 (2017)
23. Roweis, S.T., Saul, L.K.: Nonlinear Dimensionality Reduction by Locally Linear
Embedding. Science 290(5500), 2323–2326 (2000)
24. Svetnik, V., Liaw, A., Tong, C., Culberson, J.C., Sheridan, R.P., Feuston, B.P.:
Random Forest: a Classification and Regression Tool for Compound Classifica-
tion and QSAR Modeling. Journal of chemical information and computer sciences
43(6), 1947–1958 (2003)
25. Tang, J., Qu, M., Wang, M., Zhang, M., Yan, J., Mei, Q.: Line: Large-Scale Infor-
mation Network Embedding. In: WWW. pp. 1067–1077 (2015)
26. Tantipathananandh, C., Berger-Wolf, T., Kempe, D.: A Framework for Community
Identification in Dynamic Social Networks. In: ACM SIGKDD. pp. 717–726 (2007)
27. Yanardag, P., Vishwanathan, S.: Deep Graph kernels. In: ACM SIGKDD. pp.
1365–1374 (2015)
28. Yin, H., Benson, A.R., Leskovec, J., Gleich, D.F.: Local Higher-Order Graph Clus-
tering. In: ACM SIGKDD. pp. 555–564 (2017)
